A novel algorithm is presented to segment and reconstruct injected bone cement from a sparse set of X-Ray images acquired at arbitrary poses. The Sparse X-Ray Multi-view Active Contour (SxMAC -pronounced "smack") can (1) reconstruct objects for which the background partially occludes the object in X-Ray images, (2) use X-Ray images acquired on a non-circular trajectory, and (3) incorporate prior CT information. The algorithm's inputs are pre-processed X-Ray images, their associated pose information, and prior CT, if available. The algorithm initiates automated reconstruction using visual hull computation from a sparse number of x-ray images. It then improves the accuracy of the reconstruction by optimizing a geodesic active contour. A cadaver experiment demonstrates SxMAC's ability to reconstruct high contrast bone cement that has been injected into a femur and achieve sub-millimeter accuracy with 4 images.
Introduction
The problem of recovering 3D shape from a sparse set of 2D projection images is common in interventional imaging. If prior information such as a statistical shape model is available, then this information may be used to assist in reconstruction [1] . However, such information is not always available, especially if the object is highly deformable or its shape is created and/or substantially modified during the procedure. Examples include surgical procedures for injecting cement into bones, such as vertebroplasty [2] , sacroplasty [3] , and femoroplasty [4] .
Our immediate, focusing clinical application is femoroplasty, in which cement is injected into the neck and intertrochanteric area of the femur for patients with severe osteoporosis. The goal is to strengthen the femur to prevent fractures [4] . In our system (see Fig. 1 ) [5] , preoperative CT images are used for preoperative planning, based on a 3D finite element analysis of the patient's femur and planned cement injection [6] . The preoperative model and plan are registered to the patient and intraoperative navigation system using 2D-3D registration from intraoperative x-rays, and a robotic device is used to inject cement containing an appropriate contrast agent. At various stages during the injection, a sparse set of intraoperative x-rays (at most 8, but preferably 4) are taken of the cement and the cement volume in the bone is estimated. This information is used to repeat the finite-element analysis of augmented bone strength and to support re-planning and optimization for further injections. Conventionally, the shape of the cement volume is estimated by intersecting cones formed from the silhouettes of the cement in the images. However, the resulting models do not accurately reflect the actual cement volumes (e.g., Fig 4b) . Our goal in this work is to significantly improve the accuracy of this reconstruction while still using only a small number of intraoperative x-rays from a conventional C-arm. 
Background
Techniques have been developed in computer vision to reconstruct objects observed from multiple viewpoints without prior information. One classical approach is to segment an object's silhouette in images, back-project the silhouettes into 3D space, and compute the intersecting volume. This technique is known as silhouette reconstruction or visual hull computation, and has been used in computer vision [7] and C-Arm X-Ray reconstruction [8] . It has been shown that the visual hull encloses all other reconstructions that can be explained by 2D segmentations of an object [9] . However, the visual hull may not and is unlikely to be consistent with observed image intensities of the object. The visual hull can be used to initialize more sophisticated approaches that generate reconstructions more consistent with image intensities. In particular, Geodesic Active Contours [10] reconstruct objects by optimizing an objective function on the image intensities that considers all observations of an object simultaneously [11, 12] .
Active contour techniques have been extended to tomographic reconstruction [13] and CBCT [14] [15] [16] . In these methods, the segmentation process is formulated as the minimization of an objective function that incorporates information from acquired XRay images in log space, linear attenuation coefficients in patient coordinates, and geometric properties of the deformable model: (1) In this paper, we formulate the segmentation process as an optimization problem that permits the segmentation algorithm to (1) reconstruct deformable objects for which the background partially occludes the object in X-Ray images, (2) use X-Ray images acquired on a non-circular trajectory, and (3) incorporate prior CT information. Subsequently, we describe a method for optimizing the objective function and evaluate the feasibility and performance of the Sparse X-Ray Multi-view Active Contour algorithm (SxMAC -pronounced "smack") to reconstruct injected bone cement. In particular, we're interested in knowing how many X-Ray images and how much contrast is required to achieve acceptable accuracy.
Method

SxMAC Algorithm
We formulate the reconstruction task as a global optimization problem that minimizes the following objective function, which describes the disparity between X-Ray images and Digitally Reconstructed Radiographs (DRRs) of a deformable model: (2) where, (3) and, (4) and, (5) and, . The log x-ray intensity image. Heaviside function. Simulated X-Ray image generated from volume . A column vector representing the elements of matrix .
Dirac delta corresponding to the Heaviside function .
Mapping from patient coordinate space to pixel coordinates in image . System matrix approximating the x-ray imaging equation. and 3D Level set corresponding to the foreground (fg) and background (bg) object. Level sets are negative inside the object and positive outside. and Volumes indicating the foreground and background regions. and Constants describing foreground (fg) and background (bg) intensities.
The objective function measures the L2 norm of the difference between simulated X-Ray images ( ) and the log of each x-ray image, subject to an L2 penalty on the smoothness of . The complete objective function, including data and geometric terms, is as follows, (7) can be discretized and expressed as a weighted linear combination of : (8) or alternatively, .
is an MxN matrix where M is the number of pixels in the X-Ray image and N is the number of voxels in . The matrix is completely defined by X-ray geometry (extrinsic and intrinsic parameters) and does not depend on the image or volume intensities. To efficiently solve eq. 7, let the foreground and background appearances be modeled as a constant (i.e. and ). The objective function simplifies to, (10) The SxMAC model can be augmented to incorporate prior CT information by replacing the background indicator , with the prior CT ( ) :
This extension assumes is properly registered and intensity calibrated so that the background is highly correlated with the background observed in acquired XRay images.
is a segmentation mask of the field of view that is common to both the prior CT and C-Arm acquisition that encloses the foreground . Solving the Euler-Lagrange equation for and ,
and are referred to as forward and backward projection operators respectively. From eq. 12 we obtain, (13) and similarly,
The model's appearance can be optimized by alternating between and until convergence. Evolution of the deformable model's level set is computed by gradient descent [10] , (15) where, .
In the actual implementation, we do not store and because they are very large sparse matrices. Instead, the graphics card is used to compute elements of those matrices on-the-fly using OpenCL.
Experiment Setup
We conducted a cadaver study to evaluate a surgical procedure in which bone cement is injected into an osteoporotic femur [5] . One objective of the procedure is to provide feedback to the surgeon via intra-operative reconstruction of the injected bone cement. Predictions about the post-operative structural properties of the femur can be made from its 3D reconstruction and pre-operative CT [6] . To this end, Pre and post operative CBCTs were acquired with a flat panel C-Arm. Geometric calibration followed the method described by Daly, Siewerdsen et al. [17] .
To evaluate the performance of SxMAC for this application, pre and post operative CBCTs were pre-processed to synthesize X-Ray images (Fig. 3) . Pre-processing was necessary to circumvent issues not addressed by SxMAC: 2D/3D registration of pre-operative CT to intra-operative X-Ray images and intensity matching between DRRs and acquired X-Ray images. CBCTs would not be acquired in a real clinical scenario; instead, a pre-operative diagnostic CT would be used as a prior. The following pre-processing steps synthesize pre and post operative CBCT and X-Ray images that are perfectly registered and intensity matched:
1. Pre-operative CBCT was registered to post-operative CBCT using intensity-based 3D/3D registration. 2. The femur was segmented in pre-operative CBCT 3. The cement was segmented in post-operative CBCT and the Volume of Interest (VOI) was copied and pasted into the registered pre-operative CBCT. 4. DRRs for the CBCTs with and without the bone cement were generated.
Results
Experiments were conducted to evaluate SxMAC. In all cases, the deformable model was initialized by silhouette reconstruction with 8 images and bone cement attenuationF 1 F of 1900 HU. The initialization had a maximum error of 10 mm, and mean error for reconstruction-to-truth and truth-to-reconstruction of 2 mm and 0.77 mm respectively. The CBCT and deformable model's level set representation were sampled at 1 mm isotropic. The background corresponded to a segmentation of the femur. In the first experiment, the attenuation of the cement was varied from 1645 HU to 2070 HU at equal intervals, and the number of images was held constant at 4 images (Fig. 5) . In the second experiment, the number of images was varied from 2 to 10. Each collection of images was evenly sampled in plane from a 180° arc trajectory. The cement's attenuation was held constant at 1900 HU (Fig. 6 ). Preoperative reconstruction errors were measured in terms of distance between mesh vertices on the ground truth and reconstructed surface. 
Discussion
Results demonstrate SxMAC's ability to use intensity information to recover shape information that is not recoverable with silhouette reconstruction alone. Results from the cadaver experiment demonstrate SxMAC's reconstruction performance with prior CT. Fig. 5 suggests SxMAC reconstruction can be greatly improved by increasing the bone cement attenuation from 1550 HU to at least 1900 HU. An increase in attenuation could be achieved by using a higher concentration of Barium in the PMMA bone cement. Fig. 6 demonstrates sub-millimeter accuracy is achievable with 4 images, and there is no significant improvement in accuracy for more than 8 images. Acquisition of 4 to 8 images is clinically relevant for intra-operative procedures. SxMAC is more sensitive to changes in contrast than the number of images, especially in the presence of soft-tissue.
In the absence of a shape prior for bone cement, SxMAC compensates by using a strong appearance prior derived from pre-operative CT. Performance is bolstered by SxMAC's use of silhouette reconstruction to provide an accurate initial estimate for the object's shape and appearance, which improves robustness and accelerates the algorithm's convergence.
There are other ways to model prior information observed in X-Rays. For instance, a prior model of a patient's anatomy (i.e. pelvis or femur) can be registered to XRays. After which, the anatomy can be removed from the image by a DRR/X-Ray differencing technique [18] . If the object of interest is a bone, Dual-X-Ray Absorptionmetry (DXA) imaging can be used to remove the appearance of soft-tissue in X-Ray images [19] . DXA images may be more appropriate for bone cement reconstruction because experiments demonstrate SxMAC performs better in the absence of soft tissue.
The synthesized X-Ray images used to evaluate SxMAC are representative of ideal results achievable with the following pre-processing pipeline: register the diagnostic CT to X-Ray images, generate DRRs from diagnostic CT, and remap the X-Ray intensities to DRR intensities. SxMAC's true performance during an intra-operative procedure will be affected by the performance of these pre-processing steps.
Conclusion
This paper has presented an algorithm for 3D segmentation of bone cement observed in a small number of X-Ray images. The SxMAC algorithm provides a computationally efficient procedure for segmentation that can incorporate prior CT and an initial estimate for the object's shape and location. The algorithm is implemented within an automated pipeline whose inputs are pre-processed X-Rays, their associated pose information, and prior CT, if available. A cadaver experiment demonstrates SxMAC can segment injected bone cement with sub-millimeter accuracy from as few as 4 X-Ray images and thus readily applicable to intra-operative surgical procedures.
